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ARC WELDING SEAM TRACKING SYSTEM BASED ON ARTIFICIAL NEURAL NETWORKS 
L. Kreft. W. Scheller 

Universities of Technology Hamburg-Harburg and Aachen, Germany 



A new approach towards controlling an arc welding 
seam tracking system based on process-oriented 
data Is presented; an arliflcial neural network Is the 
central controlling element. Special features of 
neural networks, such as trainabillty, abstraction 
capability and fault-tolerance give this controlling 
system significant advantages. The adaptation of 
the system to new welding tasks has been simpli- 
fied substantially in comparison with conventional 
approaches: Analysing the new process parame- 
ters and programming the system is replaced by 
produang reference data from the new welding 
process and subsequent automatic learning of an 
artificial neural network. Results on the basis of a 
quality function are presented. 



INTRODUCTION 



Gas-Shielded welding is an important method in 
the metal-working industry for joining metal parts. 
According to aspects of cost isfficiency the single 
parts are not produced precisely enough to enable 
welding robots, trained by "teach-in", to follow the 
real contour. Therefore, seam tracking systems for 
welding heads gain increasing importance in 
automated plants. As a result of the precise head 
positioning those systems are able to compensate 
the component tolerances and in addition clamp- 
ing errors and thermal distortions (Dilthey (1), 
Dilthey and Stein (2)]. 

Seam tracking systems based on image process- 
ing feature severe disadvantages, e. g. unaccept- 
able restrictions for the freedom of head-action by 
the additional apparatus, stress of the optical ele- 
ments by welding fume and hot particles, cost ex- 
tensive control for the very wide variance of lumi- 
nance conditions as well as data corruption by 
electromagnetic distortion. 

Seam tracking systems based on process-oriented 
data are much more convenient. No external sen- 
sors are required if primary welding parameters 
-current and/or voltage- are used. For this ap- 
proach the information about the head position can 
be extracted easily if welding methods like weav- 



ing the arc across the groove or using two elec- 
trodes are implemented. 



THE APPLICATION CONTEXT 



The production of transverse control arms in the 
car industry is a typical example for a class of 
welds in the thin sheet sector. As a result of the 
deep-drawn semifinished products a wide toler- 
ance range for the components must be encoun- 
tered. Test components are developed for simulat- 
ing different, typical tolerance conditions. For this 
application, profiles illustrated in figure 1 had been 
defined and realised. The width b is reflecting 
practical bottom sheet changes. For further appli- 
cations additional test components, shown in fig- 
ure 2, are defined. 



Some work has been done to formulate classically 
based rules that will result in control information 




Figure 1 : Components for simulation of 
transverse control arms welding 
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Figure 2: Additional component for simulation 

even from signals that suffer from disturbing Influ- 
ences (Elchhom et al (3,4)]. As the results of those 
efforts were not satisfactory, alternative methods 
had to be examined. The approach to a solution of 
this protHem as presented here involves the use of 
a trainable system in the fomi of an artificial neural 
networlc which can be trained to respond to the 
electrical signals of the welding process. 



PATTERN RECOGNITION BY ARTIFICIAL 
NEURAL NETWORKS 



In recent years artificial neural networks have 
been the subject of research in the field of sci- 
ence, medicine and technology to an increasing 
extent. Historically, the roots of artificial neural 
networt(s lie in approximation theory. Otheiwise 
neurobiology developed simulation models which 
imitate signal processing of the brain in a simpli- 
fied form to Investigate human learning behaviour 
[Wassermann (5), Hecht-Nielsen (6)]. From the 
technical point of view there are some special 
properties worth mentioning, such as trainabltlty, 
abstraction capability and fault-tolerance in pattern 
recognition. Therefore, artificial models of neural 
networt(s are used in industrial fields that involve 
pattem recognition applications, for Instance for 
speech generation and recognition, identification 
of registration plate numbers on cars or the control 
of self-orienting vehicles [Sejnowski and Rosen- 
berg (7), Rojaz (8), Raus et al (9)]. 

In the case of pattem recognition, as done in the 
described system, normally multi-layer percep- 
trons are used. This kind of networii has the ad- 
vantage of no closed loops, thus simplifying the 
formal development. Typical applications are us- 
ing one or two hidden layers. The information 
flows in one direction, i.e. each computing cell 
(artificial neuron) transmits its result to the next 
layer. The behaviour of such a network will only be 
denned by the weights fixed In each cell. 

The problem is to adjust all the weights of the arti- 
ficial networt( so that the recognition or classifica- 
tion will be done correctly; this is done by learning 



in contrast to the programming classical comput- 
ers. In our realisation we use supervised learning 
based on the backpropagation-algorithm. This 
method assumes a supervisor that knows different 
input vectors as well as the corresponding output 
vectors. In the learning phase the supervisor is 
presenting Input vectors to the artificial network. 
The networtc itself will produce an output vector 
depending on the actual weights. As the supervisor 
knows the correct output vector he can compute 
the error and change the weights so that the error 
of the output vector will be minimised for all pat- 
terns of the test-sample. This has to be done itera- 
tlvely until the result will satisfy the user's claim. 

The most known algorithm for technical applica- 
tions using multilayer-perceptrons is the track- 
propagation-algorithm. It is based on the Fermi- 
function F(0) =1/(1 + e"'') for the threshold-func- 
tion in each cell, because Its derivatives exist. So 
the modifications for the weights can be derived 
from the error at the output layer propagating back 
to the input layer. 

&wf =a.£;y|y!(l-y!) + mAw>^ 
AWjk' = a • £ e! • yj • y! • (l - y! ) Wij' • y; • (l - y| ) + m • AWjj'-' 



y: neuron output 
Cj: error of the ith output 
i: output layer 
j: last hidden layer 
k: second hidden layer from the back 
t: time step 

The learning factor a 6(0,1) will Influence the 
learning speed as well as the stability. The mo- 
mentum me (0,1) will consider preceding weight 
modifications and thus stabilise the procedure like 
a low pass filter. By repeating this operation in an 
iterative process with a number of characteristic 
input and output signals, at the end of the training 
'course" an artificial neural networi( has teamed to 
behave In a manner which is Inconceivable for 
conventionally programmed computing machines. 
The abstraction capability generated by the train- 
ing and the associated robustness In pattem rec- 
ognition allow the network to classify signal pat- 
terns which were not included In the trainirig ses- 
sion with a high degree of certainty. Thus, when 
for example identifying hand-written characters. It 
Is possible to recognise letters or digfts written in 
unknown handwriting and to classify these cor- 
rectly, too. [Ritter et al (10), Eckmiller (11), 
SchOneburg et al (12). (5) , (6), Hubbard and 
Jackel (13)). 



Reproduced with permission of copyright owner. Further reproduction prohibited. 



179 



The welding head seam tracking system described 
here makes use of these properties by replacing 
the pattern classification algorithm previously used 
by a neural network. Whereas the user of a con- 
ventionally implemented system had to specify the 
mies accofding to which the system records the 
influence on the electrical process signals of 
varying geometry of ttie parts to be joined, this 
now all takes place in an automatic learning op- 
eration with a typical sample of process data. 



ARTIFICIAL NEURAL NETWORKS FOR 
WELDING APPUCATIONS 



In the presented application the actual position of 
the welding head should be obtained from the 
electrical process signals. Those signals are dis- 
torted by normal electrical noise as well as from 
instabilities of the arc welding process. Especially 
these instabilities lead to the use of an artificial 
neural network for controlling the seam tracking 
system. The system structure is shown in figure 3. 
First of all the neural part of the controller will be 
discussed. 

The realisation of the artificial neural network im- 
plies two major steps: the layout of the networic 
and the definition of the learning procedure. 

The input layer of the system was adjusted to 10G 
cells, the number of test samples for one sweep. 
Different approaches using 200 or 300 input cells 
for considering 2 or 3 adjacent sweeps did not re- 
sult in significantly better performance: the much 
higher extent had not been justified. 

The output layer contained 3 to 9 cells depending 
on the groove geometry and other process pa- 
rameters like torch-groove distance, or wire-feed 
velocity. In several tests it could be verified that 
too many output cells will result in untrainable sys- 
tems; In this case It had been tried to train the 
networic for information that is not available from 
the presented data and the trained networic will re- 
spond to insignificant statistic data. In this appli- 
cation the corresponding limit had to be found ex- 
perimentally. Otherwise, from the control unit's 
point of view a high resolution for the predicted 
position Is desired so that a high number of output 
cells should be claimed. In other industrial appli- 
cations of artificial neural networks this aspect is 
no problem, when the set of embedded informa- 
tion is given by the application, i. e. letter classifi- 
cation. 




Figure 3: The neural-controlled seam-tracking 
system for the welding head 



For the amount of cells in the hidden layer(s) no 
general recommendation can be given. In the pre- 
sented application a number of 70 cells experi- 
mentally proved to be enough for one hidden 
layer; neither more than one layer nor more than 
70 cells led to better results. As the artificial neural 
networtc had been simulated on standard PC's 
(sequential processing of all neural cells) it was 
important to reduce the number of cells to a mini- 
mum in order to implement online-capability. 

The necessary number of the hidden cells was 
strongly dependent on the number of the pre- 
sented test samples. 

These representative test samples of process-data 
combined with corresponding information about 
the head position had to be produced for the 
learning process. Therefore, process signals origi- 
nating from reproducible conditions such as torch 
position and groove geometry are generated. For 
this purpose, so-called "reference welds" were 
performed on the simulation components shown in 
figures 1 and 2. The torch was applied at an angle 
of 45° crossways the direction of welding and 
forced to oscillate mechanically with a frequency 
of 8 Hz. The torch and oscillating unit were 
mounted on a three-axis welding positioner. The 
welding current source used was a transistor 
source with a longitudinally controlled power pack 
characterised by low ripple of the welding current 
and short reaction times to process Interference. 
Both the horizontal torch position and the viridth b 
of the projecting bottom sheet were varied in de- 
fined steps during the tests. 

As an example, figure 4 shows three ground sec- 
tions with one correct and two off-centre torch po- 
sitions. An analogue pre-processing electronic unit 
calculates the linear combination from welding 
current and voltage before digitalisalion and stor- 
ing. Each welding sweep results in 100 time-dis- 
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Figure 4: Schematic view of three ground sections 

Crete scanning values. There are two approaches 
for using the reference data: unchanged or mean 
values of some sample-runs under equivalent 
geometrical conditions (noise filtering). Both ways 
had been tested; the filtered data resulted in faster 
learning. 



RESULTS 



The implemented neural control system had been 
trained with training-data produced from the differ- 
ent test components under various parameter 
combinations (figures 1 , 2). The amount of sam- 
ples ranged from 0 (filtered mean values) to 180 
for the different simulation components, respec- 
tively. After a fixed amount of loops (20-30) the 
training algorithm changed the sequence of sam- 
ples within the training-set statistically (1 loop is 
the presentation of the whole sample-set); other- 
wise the netwod( would have been trained to se- 
quence-specific information of the data. too. 

The leaming process is illustrated In figures S and 
6. The total error as a function of the leaming 
loops Is shown In figure 5. Up to approx. 170 
loops, the total error Is decreasing; after that point 
it tends to increase again. Therefore the leaming 
factor a had been reduced from 0.7 at the begin- 




Figure 5: Total error as a function of the 
training loops 



ning to 0.35 (4 in figure 5), thus allowing the sys- 
tem to leave local minima when sUrtIng the 
leaming process and to stabilise the process to the 
end. The effect of the momentum is demonstrated 
in figure 6: Two leaming processes with m = 0 and 
m = 0.7 are recorded; obviously the training with 
the momentum of 0.7 converges much faster. So 
m = 0.7 had been chosen for further training pro- 
cedures. 

The training procedure will be stopped if one of the 
following criteria is met; the total error becomes 
less than a fixed limit, a maximal number of loops 
has been calculated, or a tolerance condition is 
satisfied. The tolerance condition is the maximal 
relative error that any pattem at the output is al- 
lowed to have. Typical values in industrial applica- 
tions are 5-30%; in this application 20% has been 
chosen. The tolerance condition will prevent the 
networic from overieaming, where the networi( be- 
gins to adapt to fine-structured infonmation in the 
training set. such as noise; this will reduce the ca- 
pability of generalisation and fault-tolerance. 

For evaluating the artlficiai neural networi( during 
the recall-phase (application-phase) untrained ref- 
erence data from the test components with known 
parameters are classified by the networic. Differ- 
ences between the networtc and the expected re- 
sponses could be calculated and evaluated. Two 
quality functions have been introduced. The first 
Qtc 9>ves the percentage of con«ct classified 
patterns, where a classification is correct it com- 
plies with the tolerance condition (TC). The second 
QWTA fl'ven by 

QwTA = Fr^-^l<(i)P<i) 

P: classified pattem 
Pio( : total number of tested patterns 
k: dassiticalion factor, k e {-1,-0.5,0. + 0.5, + t0} 

This quality-function is based on a discrete classi- 
fication (yvinner Takes All) and is weighted con- 




Figure 6: The influence of the momentum on the 



training process 
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TABLE 1: Example for computing Qwta (50 tested pattems) 



position 




0;5 mm 


middle 


0.5 mm 


1.0 mm 


to the lefl 


to the left 




to the right 


to the right 


k 


0 


+1 


0 


-0.5 


-1 


quantity 


6 


30 


10 


2 


2 


k'P 


0 


+30 


0 


-1 


-2 



Figure 7: Support position and network-induced setting 

trol-specifically; e. g. the class "0.5 mm to the 
right" is worse than "middle position", if the class 
"0.5 mm to the left" (grey in table 1) would have 
been the correct one. In the example of table 1 the 
quality function is 0.54. 

For a real-time application of the neural-controlled 
robot a program-specific optimisation was neces- 
sary to reduce the computing time; so the result of 
the classification of the process data within one 
oscillation period is available for the con-ective bi- 
asing of the welding manipulator. For the evalu- 
ation of the networic output various strategies were 
developed. The Winner-Takes-AII-method is the 
most simple method of evaluating the classifica- 
tion. This method suppresses all outputs of the 
networit, except the one featuring the maximum 
value. It is easier to tune the classificator to its 
controller tasks by means of evaluating all outputs 
of the network with the help of linear factors. In or- 
der to suppress oscillation, the application of a 
digital Pl-controller is optional. In addition, it is 
possible to assess the mean of the input values 
sliding from 2 up to 5 oscillating periods. 

The welds performed on the specimen compo- 
nents produced convincing results: Over a seam 



length of 300 mm lateral position deviations of up 
to 30 mm were corrected successfully (welding 
speed: lOOOmm/min, welding current: 200 A, 
welding voltage; 21,5 V, gas mixture: Ar 90%, 
CO2 10%). The width of the bottom sheet varied 
between 1 mm and 5 mm. Welds of parallel posi- 
tioned components were also carried out without 
any problems. Figure 7 shows the progression 
over the time of the crossover support and the 
networii-induced setting signal when welding a 
component according to figure 1 , right below. 

Here, the Winner-Takes-AII-strategy was applied, 
the Pl-controller was out of action. The system re- 
sponded quickly enough to manual manipulations 
of the torch-position during welding. Critically low 
widths of the bottom sheet (b < 2 mm) were classi- 
fied con-ectly, whereas the relative position of the 
welding head was slightly corrected in the direction 
of the upper sheet. This behaviour is naturally an 
advantage as far as the welding technology is 
concerned; a surprising result, especially as the 
networii had not been trained for this situation 
separately. The neural welding head seam track- 
ing system showed exceptionally robust control 
behaviour which was not sensitive to interference. 
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CONCLUSION 



The experiences described herein showed that 
artificial neural networks represent an effective 
evaluation strategy and an efficient means of sig- 
nal processing in process-oriented welding seam 
tradOng systems. In this connection, the sut)stan- 
tial properties of learning by training on the basis 
of examples, the at>straction capability and the 
fault-tolerance in respect to process-interference 
are particularty advantageous. The experimental 
data proved that the development of an universal 
welding seam tracking system t>ased on artificial 
neural networks is applicable to a wide range of 
welding tasks. The new concept wort(s in connec- 
tion with analogue electronics which are necessary 
in conventional systems, and the refonmulation of 
oiles in a conventional computer-based welding 
seam tracking system can be dispensed by the 
less costly training of a neural networit. The low 
expenditure required when changing to a new 
wekling task offers economic advantages for the 
use of neural wekling seam tracking systems, es- 
pecially for the production of small and medium- 
sized batches. Further systematic investigations to 
define possible fields of application, to assess 
performance boundaries and to define adapted 
hardware components based on FPGA's for per- 
formance-optimised neural networi<s are planned. 
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Abitrtct - Artlfldgl neural netwoilu were evaluated for 
monitoring and control of the Variable Polarity Plasma Arc 
Welding process. Three areas of welding applicatioB were in- 
vestigated: weld process modeling, weld process control, and 
weld bead profile analysis for quality control 

I. Introduction 

The arc welding pnxesses play an impoitant role in 
modem manu&cturing. Despite the wide^read use of arc 
welding for joining metals, controlling most welding proc- 
esses still requires considerable skills and experience on 
behalf of the human welder. Total automation of welding 
has not yet been achieved, largely because the physics which 
determine the success of any welding task, are not yet fully 
understood and quantified. 

Arc welding is categorized into a number of processes [1], 
each of which is characterized by the nature of the an>li«l 
welding methodology and the techniques required to cany it 
out Common to all of the processes is the use of an electric 
arc which provides heat to the welded joint. The purpose of 
welding is to apply this heat to melt the base m^, and the 
q>tional filler metal, and thus bring about coalescence of the 
joined metals. There are a number of variables, controllable 
to varying degrees, which affect the outcome of the welding 
process. The arc heat, applied to the metal, is to a large ex- 
tent determined by the arc voltage and the currenL Both of 
these can be well defined and controlled [2-4]. The overall 
arc efficiency has a veiy significant effect on the heat as 
well, but it is neither well known nor controlled. The travel 
speed of the electrode, as it moves along the welded joint, is 
a major factor in determining the overall characteristics of 
the weld as well. Other factors, such as the properties of the 
welded materials, are of principal importance, too, in obtain- 
ing the desired weld qualities. 

As for the properties of the weld itself, the overall size of 
the molten weld bead is one of major importance. Specifi* 
cally, certain geometric dimensions, such as crown width, 
root width or penetration are among the parameters which 
0-7803-1462-xy93$03.00 ©1993IEEE 



should be controlled throughout the process. Other parame- 
ters, which may be to a lesser extent quantified, such as 
overall weld sjppeaiancc and lack of discontinuities, should 
ultimately be controllable as well. 

The main objective of this research was to explore appli- 
cations for artificial neural netwoiks in arc welding control, 
and in particular the Variable Polarity Plasma Arc Welding 
(VPPAW) process. The VPPA welding (W) technique inte- 
grates two features, a variable polarity (VP) and a plasma arc 
(PA). 

Plasma arc welding of aluminum has been extensively 
used and developed at NASA's Marshall Space Flight Center 
using square wave ac with variable polarity (VPPA) [S]. 
With the variable polarity process, oxide removal before 
welding is not required for most aluminum alloys. NASA 
and its subcontractors use the VPPAW process in the space 
shuttle external tank fabrication. 

The plasma arc differs from the ordinary unconstricted 
welding arc in that, while ordinary welding arc jet velocities 
range from 80 to 150 meters per second, plasma arc jet ve- 
locities range 300 to 2000 meters per second in welding us- 
age [6]. The high plasma arc jet velocities are produced by 
heating the plasma gas as it passes through a constricting 
orifice. In VPPA welding of certain ranges of metal thick- 
nesses, appropriate combinations of plasma gas flow, arc 
current, and weld travel speed will produce a relatively small 
weld pool with a hole (called a keyhole) penetrating com- 
pletely through the base m^. 

VPPAW process modeling was investigated to determine 
if attributes of the weld bead, such as the crown width, root 
width or penetration could be predicted based on the corre- 
sponding equipment parameters (arc current, torch standoff, 
travel speed, etc.) Emphasis was placed on direct control of 
the weld bead geometries, where the user could specify the 
desired crown and root widths, and the proposed control 
system would select and maintain the equipment parameters 
necessaiy to achieve the desired results. Various neural net- 
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woik methodologies were im^gated for the purpose of arc 
welding modeling and control. 

Additionally, artificial neural networics were used to ana- 
lyze digitized weld bead profiles, obtained fiom a lasa-based 
bead sm&ce scanner presently used at NASA. Then^woiks 
provided an improved method for automatically detecting the 
location of sig^cant bead attributes, such as the crown, 
undercuts, and edges. 

II. Arc Weixhno As A MuLTiVARiABLE Process 

Any arc welding process is controlled by a number of pa- 
ram^rs, and the ultimate objectives of the process are 
specified in terms of numerous parameters as well (rder to 
Fig. 1). As a result, any arc welding process can generally 
be viewed as a multiple-input/multiple-ou^ system. The 
lade of reliable, general, and yet computationally fast, physi- 
cal models of this multivariable system makes the design of a 
generalized real-time controller for arc welding nontrivial. 
Each process has its own characteristics which usually are 
related to a number of external parameters. Generally, these 
relationships are not well quantified. 



Fig. 1. The muhivarUble welding prooea. 

The welding process can be thought of as a set of Indirect 
Weld Parameters (IWP), which act upon a set of Material 
Parameters (MP), with a resulting set of Direct Weld Pa- 
rameters (DWP) [7,8]. Examples of each of these parame- 
ters are shown schematically in Fig. 1. The DWFs may be 
explicitly fixed, as by the specification of particular dimen- 
sions of width and penetration, or implicitly fixed, as by the 
desire for optimum weld bead appearance. For a given set of 
MP's, the IWFs must be chosen appropriately. Conceptu- 
ally, the IWFs may be thought of as the "causes", with the 
DWP's being the "effects". In terms of the multivariable 
weld process control problem, the function of the control 
system is to maintain the DWFs at a constant state despite 



changes in the welding envirotmient (primarily changes in 
MPs), by making appropriate changes in the IWPs. Aita- 
nativdy, the control system must Iwing about desired 
changes in the DWFs while operating in a regi<» (rf con- 
stant MFs by an>ropriate changes in the IWFs. 

One of the basic issues to be considered regarding the 
generalized control for arc welding is to determine viliat is to 
be controlled and which parameters are accessible to enact 
control actions on the process. In other words, the input 
parameters and the output parameters <rf the process, or the 
plant, have to be determined. The input parameters to any 
arc welding process typically include those controlled by the 
welding equipment, such as arc cunroit, voltage, torch travel 
speed and filler wire rate. Most of these equipment parame- 
ters may be adjusted on-line and thus th^ are available for 
real-time coatni of the welding process. Other ii^Mit pa- 
rameters may be selected by the welder, but they are usually 
static and not chan ge ab le during wdding. These parameters 
include the electrode type and dimensions, filler wire com- 
position and dimensions, workpieoe dimcaisicMDS and com- 
positions, etc, 

ni. BACKOROiwD:ARTinciAL Neural Networks 

Artificial neural networks (ANN) have gained prominence 
recently among researchers of nonlinear systems. As the 
name implies, these networks are conqjuter models of the 
processes and mechanisms that constitute biological nerve 
systems, to the extent that they are understood by research- 
ers. 

In addition to neural networks' usefulness in solving 
complex nonlinear problems, they are attractive in view of 
their high execution speed and their relatively modest com- 
puter hardware requirements. Beyond the variety of personal 
computer and workstation implementations that are available 
commercially, several effoits are presently underway to take 
advantage of the inherent parallelism of neural n^worics. 
The calculations taking place within the networks are not 
generally carried out in a serial &shion since they can be 
conducted in parallel. Although presem computers imple- 
ment neural networks very efficiently, based on the tradi- 
tional, serial, Von-Neuman architectaire, emerging parallel 
computers will be ideally suited for neural network imple- 
mentations. 

A. The Back propagation Metwork 

The bad: propagation neural networic [9] was used as the 
basic structure for the applications discussed here. A neural 
n^ork and its adaptation procedure using the back prc^- 
gation algorithm will be illustrated by an example. 

Fig. 2 shows a small neural network consisting of 8 nodes, 
arranged in two hidden layers of 3 nodes each and one out- 
put layer of 2 nodes. Each node (or processing element) 
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resembles the connected neurons in biological systems (refer 
to Fig. 3). A processing dement %cep(s one or more sig- 
nals, which may be produced by other processing elements or 
applied externally (e.g., provided by a process sensor). The 
various signals are individually amplified, or weighted, and 
then summed together within the processing element The 
resulting sum is applied to a specific {ransfer Junction, and 
the function value becomes the output of the {Hooessing ele- 
ment 




Fig, 2. A back profNig^on neural netMrack. 



Input 




Fig. 3. The prooeasing elanent of > neuni netwaric 

Referring to Fig. 2, each node i in the first hidden layer 
produces a single numeric output which we denote as XjO. 
Similarly the nodes of the second hidden layer are labeled 
XfP) through Xjf^). The 3 inputs and 2 outputs of the net- 
woik are Xg through Xj and y^ through y, respectively. Each 
node accq>ts numeric data through a number of input links, 
each of which multiplies the input data with a weight factor. 
The weight factor associated with the link from to the 
node producing Xj^^) is annotated as Wjjt') and a similar con- 
vention holds for the links between other layers. Each node 
calculates its output by summing its weighted inputs and 



using the result x as the argument of a nonlinear function 
associa t ed with the node. For our application this function is 
the same for all nodes: 

fts) = Il+expI-{s-c)]]-> (1) 

where is the sum of the node inputs and c is an internal 
offset value. Clearly the node output will be confined to the 
range 0 < ^s) < I. Because the limiting values, 0 and 1, will 
only be appmacted as s ai^roaches +/- infinity, all input and 
output data are scaled so that they are confined to a subinter- 
val oi [0...1]. A practical region for the data is chosen to be 
[0.1...0.9]. In this case each input or output paramrter p is 
nnmalized as Pg before being af^lied to the neural network 
according to: 

p„ = [(0.9 - 0. iy(p^ - p^](p - p^ + 0. 1 (2) 

where p,^ and p^ are the maximum and minimum values, 
respectively, of data parameter p. The n^wotk starts calcu- 
lating its output values by passing the weighted inputs to the 
nodes in the first layer. The resulting node outputs of that 
layer are passed on, through a new set of weights, to the sec- 
ond layer, and so on until the nodes of the output layer com- 
pute the final outputs. 

Before practioil application, the network has to be trained 
to perform the mapping of the three input parameters to the 
two output parameters. This is done by repeatedly ai^Iying 
training data to its inputs, calculating the correqMnding out- 
puts by the network, comparing them to the desired outputs, 
and altering the internal parameters of the network for the 
next round. The training starts by assigning small random 
values to all weights (wjj) and node offs^ (Cj) in the net- 
work. The first three input data values are presented to the 
network which in turn calculates the two output values. Be- 
cause the initial weights and node offsets are random these 
values will generally be quite different from the desired out- 
put values, Dq and Di. Therefore the differences between 
the desired and calculated outputs have to be utilized to dic- 
tate improved network values, tuning each weight and ofi&et 
parameter through back prcqiagation. The weights preceding 
each output node are updated according to 

Wij(t+l) = Wy(t) + ndjXi(2) (3) 

where /? is a correction gain and dj is the correction factor 

di = yj(i-yjKdj-yj) (4) 

Clearly, each weight will be increased if the calculated out- 
put from its node is less than the desired value, and vice 
versa. The correction factors used to update weights preced- 
ing hidden layer nodes are updated according to 
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dj = Xj (l-yp Kdk-Wjk) 



(5) 



adequately. The neural network is not iqxlated in the appli- 
catim mode. 



where the k applies to the node layer succeeding the one 
currently being updated. The ofiset parameter c of each 
node is treated as an additional weight &ctor and updated in 
the same maimer. 

The weights and ofis^ of the neural network are recalcu- 
lated during the bade pn^gation as outlined above. Then 
the network repeats calculation of output values based on the 
same input data, compares them to the desired output values, 
and readjusts the network parameten through yet another 
back propagation phase. This cycle is repeated until the cal- 
culated ou^ts have converged sufiiciently close to the de- 
sired outputs or an iteration limit has been reached. Once 
the neural network has been tuned to the first s^ of in- 
put/output data, additional data sets can be used for further 
training in the same way. To ensure concurrent network ad- 
aptation to all sets of data the entire training process may be 
repeated until all data transformations are adequately mod- 
eled by the network. This requires, of course, that all the 
data sets were obtained from the same process and therefore 
the underlying input/output transformation is consistent 

As noted above, the training iteration process may be 
terminated either by a convergence limit or simply by limit- 
ing the total number of iterations. In the former case we use 
an error measure e defined as follows: 

M-1 

e = max^.,...K { 2 (dk,m ' yiyj' > (6) 
m=0 

where K is the number of input/output data sets used for 
training, M is the nimiber of network output parameters in 
each data set, and (d^^ - y^^ is the error in the network 
calculation of parameter m in data set k. The error measure, 
e, changes after each round of network weight adjustments. 
In the long run e decreases as the network is refined by 
training iterations. Using this indicator oik can program the 
netwoik to terminate the iteration tuning process as soon as e 
readies some threshold value, Cq. Alternatively, a given 
netwoik may not be able to reduce the error measure down to 
the specified In that case the iterations may be termi- 
nated by simply specifying a maximum number for them. 

The training mode, as described above, is a precondition 
for actually applying the neural netwoik in the application 
mode. In this mode entirely new input data is presented to 
the network which, in turn, predicts new outputs based on 
the transfer characteristics learned during the training. If 
this new data is obtained from the same local region of op- 
eration of the process as during the training phase, data from 
the input/output relations should be governed by the same 
underlying process and the neural network should perform 



B. Neural Network Hardware and Software Speed Consid- 
erations 

A number of hardware accelerators and dedicated neural 
network computers are presently in the design phase or pro- 
totype production stage. Furthermore, a number of neural 
netwoik software vendors have (^timized their code for ge- 
neric numerical accelerator boards or chips [10]. A typical 
numerical accelerator board may be ejqpected to increase the 
execution rate of the neural netwoiks a foctor of approxi- 
mately an orda of magnitude. Using such a board, typical 
execution times for a IS-oode network with 2 inputs and 4 
ouQMits is less than 1 millisecond. For a real-time q>plica- 
tion this would result in an update rate of over 1000 Hz. 

The training speed of nojral netwoiks is generally very 
low. During the training process the internal parameters of 
the network are iteratively adjusted until the network train- 
ing has been <^>timized. For the back propagation network 
the netwoik weights are the adjustable parameters. To illus- 
trate the computations involved, the VPPAW equipment pa- 
rameter selecting netwoik, discussed in a later section, m^ 
be considered. This n^oik had 2 inputs, one hidden layer 
of 10 nodes, and an output layer of 4 nodes (one node for 
each of the 4 outpuu). The total number of weights in the 
netwoik is 60. During each training iteration the network 
calculates output values for each training data set and accu- 
mulates the root-mean-square (RMS) differences of the cal- 
culated outputs and the desired outputs. Based on the total 
KMS difference from one iteration, all of the 60 weights are 
adjusted using the back propagation algorithm. For 10,000 
training iterations this requires a total 600,000 applications 
of tiie bade propagation algorithm. On a 16 MHz 80386-SX 
computer this takes on the order of 2 hours with software 
containing rather extensive graphical and ddwgging over- 
head. This figure could be improved substantially with more 
optimized software. Fortunately, the training process is gen- 
erally not required for the real-time (9>erations. The training 
is usually carried out off-line and (^mized before the net- 
work is finally applied in the real-time process. 

The network execution time is the critical factor for real- 
time applications. The key difference between the execution 
and training times is that execution is not based on iterative 
trial-and-error calculations, as the training process, and 
therefore the execution rate is generally much fester than the 
training rate. Taking the same example as before, the 
equipment parameter selection network, the measured exe- 
cution rate <m the 80386-SX computer is sligbtiy above 22 
Hz. In other words, the netwoik calculates all of its 4 out- 
puts in less than 50 msec. Again, this is achieved with soft- 
ware that is loaded with debugging facilities, graphics, and 
other features that impair speed. Furthermore, the computer 
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does not utilize an accelerator or coprocessor board. Based 
on this, it can be concluded that the noiral netwoik an>roach 
offers more than ample execution rate for real-time arc 
welding applications where a 10 Hz update rate is normally 
sufficient [II]. 

IV. Vppaw Process MODEUNO 

Data used for the VPPAW process modeling was obtained 
from the NASA Marshall Space Hight Center [10]. The 
general weld conditions and setup parameters are summa- 
rized in Table I. 

TABLE! 

General Weid CowomoNs Akd Setup F<» Nasa Vppaw Expewmeot 



The VPPAW data used to train and test back propagation 
netwoiks for weld modeling and equipment parameter selec- 
tion is given in Table II. Out of the 13 available weld data 
sets, 3 were not used in the training process, but reserved for 
testing. These are typed in boldface in the Table. 

A back propagation neural network was constructed to 
model the welding data (refer to Fig. 4). The network used a 



single hidden layer of 10 nodes, in addition to the 2-node 
output layer. The input parameters to the network were the 
torch staiidofit; forward current, reverse currait, and torch 
travel speed. The model outputs were the weld crown width 
and the root width. The network was trained for 10,000 it- 
erations. Further training did not improve the modeling per- 
formance of the network, and it turned out that with exces- 
sive training (e.g., through 50,000 iterations and beyrad) the 
n^woik ooavagBi to "memorization' cS the training data, 
rather than capturing the generalities of the process. The 
trend to memorize, rather than learn, when excessive train- 
ing is allied is a well known characteristic of back prq»- 
gation and it was observed in most experiments carried out 
for this project [12]. The sohition to tiiis was singly to ob- 
serve the general trend of decreasing errors of the te^g 
data and terminate training when the testing data error flat- 
tened out or started decreasing. 

TABLE II 

Vppaw Data Used To Train And Test Back photaoation Networks For 
Welo Mooblino And Equipmekt Paramgtcr Selechon. Welds Na 2, 7. and 
1 2 (HicajLKHreo In The Table) Were Nor Used For Netwowc TRAWiNa, Bur 
Used Exclusively For Testdw. 





Tadi 






Tnvd 


Crown 


Root 


Weld 


Standoff 




Cuncnt 


S|«d 


Widlli 


Width 


No. 


[mm] 




[Amps] 


[mmpi] 






1 


4.0 


136.7 


120.6 


3.40 


9.50 


7.11 


2 


2.0 


133.1 


136.7 


2.13 


aLS9 


6.60 


3 


4.0 


132.7 


134.3 


2.13 


10.16 


6.86 


4 


8.0 


129.1 


135.7 


2.12 


13.21 


15.49 


5 


2.0 


132.3 


136.9 


4.25 


7J7 


4.57 


6 


4.0 


133.1 


133.7 


4.24 


8.89 


5.59 


7 


8.0 


129.1 


131.5 


05 


11.94 


10.92 


8 


2.0 


131.5 


137.1 


3.52 


6.86 


4.57 


9 


4.0 


130.6 


136.8 


5.53 


8.13 


5.59 


10 


8.0 


131.3 


127.6 


5.53 


9.65 


6.86 


11 


2.0 


131.3 


137.0 


6.79 


6.60 


4J2 


12 


4.0 


131.0 


132.1 


6.79 


8.13 


&08 


13 


8.0 


134.2 


130.7 


6.79 


9.14 


6.86 



Other network structures were tested, in addition to the 
one discussed above. Networks using a single layer of S to 
20 nodes were tested, with only minor performance differ- 
ences. Once the netwoiks had been trained adequately (with 
on the order of 10,000 to IS.OOO iterations), the worst case 
errors differed from one network to another by less than 
1.0%. 

The results of the tesU are summarized in Table III. 
Again, note that the testing data are boldfaced in the Table, 
and these welds were not used for training the ntfwork. Al- 
though the errors in bead width estimates occasionally ex- 
ceed 20% (in less than 8% of the outpuU), the width model- 
ing accuracy is typically on the order of 10% or less. Fur- 
thermore, it should be noticed that the worst peiformame is 
obtained in weld No. 4, in which the root width is recorded 
as larger than the crown width, which is an anomalous 



DateofExpenment 


July31, 1991 


Tool. 


Station #2 


WeW On edition. 


Vertical 


Weld Pan 


Root (Keyhole) 


JointType. 


Be«tOn-Pl«te 


Joint Gap 


N/A 


Plate Matenal 


2219 Ahunmum 


Plate Tluckneii, mm 


6 35 


Win Matenal 


No Wire 


Ambient Temperature, deg. C 


24 


Electrode Matenal 


""^96 


Eledrode Diameter, mm 




Electrode Length, mm 


69 6 


Orifice Diameter, mm 


3 18 


Electrode Setback (electrod»«>-onfioe diitance), mm 


1 n 


Orifice Thickneti, mm 


3 28 


Electrode Cooling Water Row Rate 


N/A 


PlaamaGaa 


^To 


Plaana Oas Flow Rate, icfh 




Platma Oas Prcvure, pn 


N/A 


Shield Oas 


Helium 


Shield Gai Flow Rate, acfii 


1000 


Shield Oa« Prooire, pu 


N/A 


AVC(On/Oe) 


Off 
40 


Initiai Totdi Standofi; mm 

Initial Stnu^ (Foiward) Cunent, Amps 


130 0 


Initial Revene Cuireirt, Amps 


130 0 


Additional Reverse Cuirent. Amps 


600 


Forward Currim Tune, msec 


19 0 


Revene Cuirent Tune, msec 


40 


Pilot Current, Amps 


25 0 


Travel Speed, mm per lec 


3 39 


Wire Feed Rale, mm per sec 


00 
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condition with respect to all other welds. Finally, as shown 
here, the worst case error for the testing-only welds was 
7.9%. 
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Fig. 4. The neunlmtwofk model of the VPPAWprocen. 
TABLE ni 

MooEUNO Results. UsiNa A Neukal NrrvoRK Of a Sinole Hidden Layer 
WriHlONoDEs. The Network Was TRAINED Wrm The EmwEs Which Am 
Not Boldfaced. While THE Boldfaced Eniwes Were Used Exclusively 
For TESTOja 





Actual 


Actual 


Networic 


^fetvw)lk 




Root 






Root 


Crown 


Root 


Width 


Width 


Weld 


WidOi 


Width 


Width 


Width 




Error 


No. 


ImmJ 






(rami 


(%I 


[H] 


1 


9.50 


7.11 


9.09 


6.74 


-4.3 


-3.2 


2 


8.89 


6.60 


8.81 


6.45 


-0.9 


-2J 


3 


10.16 


6.86 


9.93 


8.12 


-2.1 


18.3 


4 


13.21 


13.49 


11.99 


11.33 


-9.3 


-25.6 


J 


7.37 


4.37 


7.77 


3.01 


3.4 


9.6 


6 


8.89 


3.39 


8.67 


6.23 


-2.3 


11.5 


7 


11.94 


ia92 


11.15 


10.06 


■4.6 


-7.9 


8 


6.86 


4.37 


7.28 


4.36 


6.1 


-4.5 


9 


8.13 


3.39 


8.16 


3.55 


0.3 


•0.6 


10 


9.63 


6.86 


10.32 


8.68 


6.9 


26.5 


11 


6.60 


4.32 


6.84 


3.80 


3.7 


-12.1 


12 


8.13 


9.08 


7.61 


4.80 


-6.4 


-5.5 


13 


9.14 


6.86 


9.14 


6.89 


0.0 


0.4 



The conclusion from these modeling experiments is there- 
fore, that the tested network appears to constitute a workable 
model for the tested VPPAW parameters. 



V. Vppaw Process Control 

The process control problem, as defined here, is to deter- 
mine the required equipment parameters (the IWP) required 
to realize a set of desired output parameters (the DWP). To 



test the abiliQr of a neural network to do this, a network was 
constnidcd to determine the torch standofi^ forward current, 
reverse current, and travel speed for desired crown width and 
root width (refer to Fig. S). Again, a single 1^ of 10 nodes 
was used, and the same thirteen welds were used as for the 
modeling experiment For the parameter selecting network, 
however, the inputs were two (root width and crown width) 
and the outputs were four (torch standoff forward current, 
reverse current, and travel speed). The same ten wdds, as 
used for training the modeling netwoik. were used for train- 
ing this network. The netwoik was trained throu^ 15,000 
iterations, resulting in sets of suggested toreh standofi^ for- 
ward current, reverse current, and travel speed selections. 
The netwwk selected these parameters for each of the train- 
ing welds, as well as for those which were not used in the 
training process. 
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mm ^^S$y 
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Fig. 5 A neural networic uied for VPPA welding equipment pametcrie- 
lection. 

To test the equipment parameter selection network shown 
in Fig. 5, its ou^t was fed into the VPPA weld modeling 
n^work discussed previously (refer to Fig. 6). The desired 
crown and root widths are spedfied and ai^lied to the inputs 
of the equipment parameter selection network which, in turn, 
determines the suitable torch standoff, forward and reverse 
current, and travel speed. As a substitute for the actual 
welding process, the neural network VPPA weld model, dis- 
cussed earlier, is fed with these equipntent parameters and 
its crown and root widths are compared with the desired 
ones. The results of this experiment are summarized in Ta- 
ble IV. 

As shown in Table IV, the deviations in the ultimate 
crown and root widths from the desired ones are mostly very 
small. The worst case is again for weld 4 (root width enor: • 
26.5%). where the root width was recorded as larger than the 
crown width. Generally the welding data which was left out 
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of the training at the parameter selector and the model 
(welds No. 2. 7, and 12) does not exhibit noticeably worse 
peiformanoe than the training data. The conclusions from 
this experiment suggest that neural networks may be reliably 
used in selecting welding equipment parameters for the 
VPPAW process. 




Fig. 6. A pwameter telection network deUrmawi Ihe welding equipment 
pmmeten neoeuafy to achieve deiind bead geometry. These 
eciuipment parameten can be used in the actual VPPAW prooeta or, as 

TABLE IV 

Comparison Of Crown Asd Root Width C»tained From a Weuj Model 
AND The ConRESPONDiNa Widths SrecmED For The EotJiPMEm- PARAMFmi 
Selectino Network 



VI. Weld Prohle Analysis And Control 

A welding seam tracker, based on a laser scanner, is used 
at the NASA Kfarshall Space Flight Center for scanning 
VPPA weld profiles in near-real time. The seam tracking 
system is shown schematically in Fig. 7. 




Fig 7. The seam tracking lystem. 

The objective of the seam tracker is to monitor the loca- 
tion of the unwelded seam with respect to the moving weld- 
ing torch, and to adjust the location of the torch with respect 
to the seam in real-time. In addition to seam tracking appli- 
cations, the profile scanning system can be utilized to evalu- 
ate the quality of the VPPA weld. The quality of a VPPAW 
root pass can, to a large extent, be determined fiom the 
shape of its surface profile. Therefore, means for automati- 
cally detecting abnormal shapes, excessive undercuts, non 
symmetry of the weld profile, etc., are inqwrtant 

Referring to Fig. 7, the laser scanner scans the seam in 
firont of the moving torch and locates the seam with lespect 
to the torch. Although the laser signal produces an adequate 
indication of this location most of the time, there are occa- 
sions when this method may become unreliable or &il. One 
is where isolated tadc welding points along the welding seam 
cover the seam line, resulting in a laser signal that confuses 
the tracking system. Another cause for traddng errors oc- 
curs when the junction between the joined parts (e.g., for 
butt welds) is veiy faint, or blends in with the parent metal 
suifiaces, so that the seam apparently disappears over a sec- 
tion of the joint. Previously used data analysis algorithms 
for processing the output of the laser scanner sometimes 
became unreliable when the signal indicating the seam kxa- 
tion became degraded in the manner discussed. The ability 
of the neural network to ignore minor distuihances made it 
an ideal candidate for this purpose. 

A weld bead profile is obtained from the laser scanner, 
where it is available as a list of coordinates. Typically, the 
list contains on the order of 80 coordinates, obtained for a 
fixed cross section of the weld profile. Each coordinate 
consists of the location of the measured point, as measured 
transversely across the bead width (y-axis value) and the 
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height of the bead at that location (z-axis value). To locate, 
for example, the aown, undercuts and parent metal bounda- 
ries of the bead, the entire 80 data point heights (z-values) 
are fed into the network as distinctive inputs (refer to Fig. 8). 
Based on this given profile the network determines the loca- 
tions of the desired bead profile parameters and presents 
these values as 5 sqiarate outputs. Given the locations of the 
crown, undercuts, and bead boundaries, the crown height 
and undercut levels are easily determined by looking up the 
z-axis values at these locations. Deriving other pnqierties (rf^ 
the bead, such as symmetry of the undercuts, etc., is straight- 
forward once the above information has been obtained. 
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Referring to Fig. 8, the height values of the digitized pro- 
files were entered into the 60 inputs of the neural networic, 
which was trained to locate the five features of the profile 
and present these locations at the outputs. Fig. 9 illustrates a 
typical cross sectional weld profile. The objective of the 
neural networic was to find the locations of the weld crown, 
the lefi and right undercut, and the left and right weld 
boundaries. To the human observer, these features are rela- 
tively clear, with the possible excq)tion of the weld bounda- 
ries. The locations of these features, as determined by the 
neural networic, are indicated on the Figure with the arrows 
marked "N*. For comparison, the previously used data 
analysis algorithms located the same features as shown with 
the arrows pointing from below the profile trace. In this case 
the previous method failed in correctly identifying the right 
weld boimdaiy, while the neural network succeeded. In most 
cases the previous system performed satisfactorily, while 
occasionally it gave incorrect results. The errors usually 
occurred in determining the weld boundaries, and these er- 
rors could be significant. For comparison, the neural 
network performed somewhat better, on the average, and the 



worst case errors were always much smaller than those of the 
previous system. 
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A total of 60 laser bead profiles were used to test and train 
the neural network used in the weld profile analysis. Of the 
total of 60 profiles. 30 were used for training and 30 were 
used for testing the trained n^woric. Six of the testing pro- 
files were sampled for error analysis, and the results are 
listed in Table V. As shown there, the errors are fypically 
less than 1%. 

TABLE V 

Sample Results Obtained Wrm The Weld Profile Analysis Neural Net- 
work. SIX Prohles Shown Were Not Used In Training THE Neiworx. 



Profile: 
134.17 
148.17 
302.17 
316.17 
446.17 
453.17 



Irfti L-Ucut Crown R-Ucat R-Pw RMS 



0.6% 
0.2% 
0.4% 



0.6% 
0.7% 
0.6% 
-0.2% 
-0.1% 
-0.1% 



-0.4% 
-0.3% 
1.0% 
0.3% 
-0.3% 
-0.2% 



•0.2% 
■0.1% 
0.8% 
0.1% 
0.2% 
-0.7% 



1.8% 
-1.1% 
0.0% 
0.3% 
0.4% 
•0.6% 



Vn. Conclusions 

The experiments and analysis carried out for this work 
confirms that artificial neural networks are powerful tools for 
analysis, modeling, and control af^lications. Thsy are par- 
ticularly attractive in view of their capabilities to process 
nonlinear and noisy data, learn from actual welding data, 
and execute at relatively high speed. All of the areas exam- 
ined during this research appear to have high potential for 
practical applications. 

It was shown in this work that neural networks are capa- 
ble of modeling parameters of the VPPAW process to on the 
order of 10% accuracy or better. The same was observed 



Reproduced with permission of copyright owner. Further reproduction prohibited. 



when neural networks were used to select welding equipment 
parameters and the resulting bead geometries were esti- 
mated. These performance figures suggest that a VPPA 
welding control system can be implemented based on neural 
network models and control mechanisms. 

The results obtained with analyzing weld profile data sug- 
gest that artificial neural networks can yield real-time results 
of equal or better accuracy and reliability than previously 
used data analysis algorithms. A neural network system can 
therefore be proposed for real-time as well as off-line quality 
control, based on observations of the weld bead profile. 
Furthermore, a neural network-based system can be used to 
enact corrective actions on the system variables that affect 
the bead profile. For example, a neural network system 
could be implemented to maintain seam tradcing or torch 
orientation so that the weld bead would be maintained sym- 
metrically on the center of the welded seam. 

Acknowledgments 

This work has been partially funded by NASA contracts 
NAS8-37401 and NAS8-38918. Acknowledgments are due 
to Clyde S. Jones, Arthur C. Nunes, and Kirt^ G. Lawless at 
the NASA Marshall Space Flight Center for their su^wrt of 
this woik. 

References 

[1] R. L. O'Brien, Welding Handbook - Welding Processes, 
8th ed., vol. 2, Miami: American Welding Society, 
1991. 

[2] G. E. Cook, K. Andersen, and R. J. Bamett, "Welding 
and Bonding," in The Electrical Engineering Hand- 
book, R. C. Dorf, Ed, Boca Raton: CRC Press, 1993, 
pp. 2223-2237. 

[3] G. E. Cook, K. Andersen. G. Karsai, and K. 
Ramaswamy, "Artificial Neural Networks Applied to 
Arc Welding Process Modeling and Control," IEEE 
Transactions on Industry Applications, vol. 26, no. 5, 
Sept./OcL 1990, pp. 824-830. 

[4] K. Andersen, Synchronous Weld Pool Oscillation for 
Monitoring and Control, Ph.D. Dissertation, Vandeibilt 
University, May 1993. 

[5] A. C. Nunes, Jr., E. O. Bayless, Jr., C. S. Jones, III, P. 
M. Munafo, A. P. Biddle, and W. A. Wilson, "Variable 
Polarity Plasma Arc Welding On the Space Shuttle 
External Tank," Welding Journal, vol. 63, no. 9, pp. 
27-35. Sept 1984. 

[6] M. Tomsic and S. Barhorst. "Keyhole Plasma Arc 
Welding of Aluminum with Variable Polarity Power," 
Welding Journal, vol. 63. no. 2, pp. 25-32, Feb. 1984. 

[7] G. E. Cook, "Feedback and Adaptive Control in Auto- 
mated Arc Welding Systems," Metal Construction, vol. 
13, no. 9, pp. 551-556, Sept. 1981. 



[8] R. J, Bamett, Sensor Development for Multi-Parameter 
Control of Gas Tungsten Arc Welding, Ph.D. Disserta- 
tion. Vandeibilt University, May 1993. 

[9] R. P. Lii^mann, "An Introduction to Computing with 
Neural Nets." IEEE ASSP Magazine, pp. 4-22. April 
1987. 

[10] K. Andersoi. R. J. Bamett, J. F. Springfield, and G. E. 
Co<*, Welding Technology: VPPAW Modeling and 
Control Using Artificial Neural Networks, SBIR Phase 
I Final Report. NASA Contract No. NAS8-38918, Aug. 
1991. 

[11] G. E. Code K. Andersen, and R. J. Bamett. "Feedbadc 
and Adi^itive Control in Welding." Recent Trends in 
Welding Science and Technology, S. A. David and J. 
M. Vitek. Eds., Materials Pait: ASM International, 
1990, pp. 891-903. 

[12] K. Andersen, Studies and Implementation of Stationary 
Models of the Gas Tungsten Arc Welding Process, M.S. 
Thesis. Vandeibilt University. May 1992. 



2189 



Reproduced with permission of copyright owner. Further reproduction prohibited. 



